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Abstract

Clustersof softwareartifactsthatarefrequentlychanged
togetheraresubsystemcandidates,becauseoneof themain
goalsof softwaredesignis to makechangeslocal. Thecon-
tribution of this paperis a visualization-basedmethodthat
supportstheidenti�cation of such clusters.First,wede�ne
theco-changegraphasasimplebutpowerfulmodelof com-
monchangesof software artifacts,anddescribehowto ex-
tract the graph from version control repositories.Second,
weintroduceanenergymodelfor computingforce-directed
layoutsof co-change graphs.Theresultinglayoutshavea
well-de�ned interpretation in termsof the structure of the
visualizedgraph, and clearly reveal groupsof frequently
co-changed artifacts.We evaluateour methodby compar-
ing thelayoutsfor threeexampleprojectswith authoritative
subsystemdecompositions.

Classi�cation: D.2.7 Distribution, Maintenance,and
Enhancement– Restructuring,reverse engineering,and
reengineering,D.2.7 Distribution, Maintenance,and En-
hancement– Version control, G.2.2 Graph Theory, I.5.3
Clustering

Keywords: reverse engineering,programcomprehen-
sion, software clustering,software visualization,software
evolutionanalysis,force-directedgraphlayout

1. Intr oduction

Groupingartifactsthat areoften changedtogetherinto
subsystemshassigni�cant bene�ts.Changinga memberof
such a group is likely to trigger changesin other mem-
bers,andunderstandingonememberof thegroupoftenim-
provesthe understandingof othermembers.Whensucha
groupformsasubsystem,changesandcomprehensionpro-
cessesaremore likely to involve only oneor few subsys-
tems,andarethuslessexpensive anderror-prone.Theben-
e�ts areevenlargerwhenprogramsourcesaregroupednot

only with otherprogramsources,but alsowith documenta-
tion, testcasesor con�gurationdata.

Theimportanceof decompositionin thecomprehension
andmodi�cation of large softwaresystemshasleadto the
developmentof many approachesfor the automaticand
semi-automaticclusteringof software artifacts.Theseap-
proachescanbeclassi�ed with respectto two criteria:The
underlyingmodelof thesoftwaresystem,andthenotionof
clusters.

We introducea new modelof software systemswhich
is called co-change graph. It is an abstractionof version
control repositories.The verticesof the co-changegraph
aresoftwareartifacts(suchas�les or methods)andchange
transactions(e.g.,commitsin termsof CVS), andtheedges
connectthechangetransactionswith their participatingar-
tifacts.

Previously, clusteringsof software artifacts have been
derived from �le names[4, 34], directoriesin the �le sys-
tem[2, 63], tokensoccurringin sourcecodeanddocumen-
tation�les [34, 47, 48], �le ownership[2, 14], andin partic-
ular from syntacticrelationshipslikecallsor variablerefer-
ences[2, 16, 18, 20, 34, 39, 46, 52, 56, 61, 66]. Thechange
historyof thesoftwaresystem,asmodeledby theco-change
graph,promisesto be a valuablecomplementto thesein-
formation sourcesfor three reasons.First, past common
changesof software artifactsappearto be relevant to as-
sesstheprobabilityof futurecommonchanges,but arenot
takeninto accountby thepreviousapproaches.Second,the
co-changegraphisnotrestrictedtoany particularkindof ar-
tifacts,while syntax-basedmodelslike call graphsonly in-
cludeprogramsourcecode.Third, theco-changegraphcan
beextractedef�ciently andinexpensively from repositories
of versioncontrolsystemslikeCVS. In contrast,theextrac-
tion of syntacticrelationshipslike calls requiresadvanced
toolsthatmayproduceconsiderablyvaryingresults[53], or
may not be available at all for more exotic programming
languages.



We introducea new clustering methodfor co-change
graphswhichdiffersfrom relatedapproachesmainly in two
respects:First, theresultof theclusteringis not a partition
of thegraphverticesinto severalclusters,but alayoutof the
graphvertices(i.e., positionsof the graphverticesin two-
or threedimensionalspace).Second,theselayoutshave a
clearinterpretation.

In our layoutsof the co-changegraph,artifactsthat are
oftenchangedtogetherareplacedcloselytogether, while ar-
tifactsthat participatein few commonchangetransactions
areplacedat largerdistances.Empiricalstudieshaveshown
that humanviewersindeedinterpreta closepositioningof
verticesin a graphlayoutasrelatednessof thecorrespond-
ing artifacts[13, 22]. Besidesbeingeasilycomprehensible,
a graphlayouthastheadvantageof containingmoreinfor-
mationthana partitionof thesetof artifacts.For example,
a graphlayout canshow that an artifact lies at the center
of a cluster, at the borderof the entiresystem,or between
two clusters,while a partitioningspeci�es only the mem-
bershipof theartifactin aparticularcluster.

The requirementsfor the graph layoutsare systemati-
cally derived from our intuition of co-changeclusters,and
thepositionsof theartifactsin thelayoutshaveaclearinter-
pretationin termsof their commonchanges.Basically, two
groupsof artifactsareplacedcloselyto thedegreethatthey
were changedtogethermore often than random— a no-
tion of clusterssimilar to ratio cut graphpartitioning[64],
whichwasintroducedto softwareclusteringby Mancoridis
etal. [49].

Our model of co-changein software systemsand our
clusteringmethodare detailedin Sections2 and 3. Sec-
tion 4 evaluatestheapproachby reportingtheresultsof its
applicationto threesoftwaresystems.Relatedwork onmin-
ing versionrepositoriesandclusteringis discussedin Sec-
tion 5.

2. The Co-ChangeGraph

This sectionintroducestheco-changegraph,our model
for commonchangesof softwareartifactsin versionreposi-
tories.Its verticesaresoftwareartifactsandchangetransac-
tions, and its edgesconnectthe changetransactionswith
their participatingartifacts.The co-changegraph can be
easilyextractedfrom versionrepositories.Its simplicity and
its clear correspondenceto the modeledsoftware system
ensurethe interpretability of resultsof its analysis,i.e.,
valid andef�cient inferencesof propertiesof the modeled
softwaresystemfrom (probablyautomaticallydetermined)
propertiesof themodel.

After the de�nition of the co-changegraphin the �rst
subsection,thenext two subsectionsdiscussdesignconsid-
erationsandextensions.The last subsectiondescribesthe

Figure 1. Example co­c hang e graph

processof extractingtheco-changegraphfrom repositories
of theversioncontrolsystemCVS.

2.1. De�nition

A software artifact is an entity that belongsto a soft-
ware system,e.g., a package,a �le, a function, a line of
code,a pieceof documentation,or a test case.A version
is the stateof a software artifact at a particularpoint in
time. Versioncontrol systemslike CVS(ConcurrentVer-
sionsSystem)[17] storeversionsof software artifacts in
a centralrepository. The usersof a versioncontrol system
modify local copiesof the softwareartifacts,andcheck-in
thesechangesto the centralrepositoryfrom time to time.
A change transactionis a coherentsequenceof check-ins
of severalsoftwareartifacts.Softwareartifactsthatpartici-
patein the samechangetransactionareco-changed (com-
monly changed).Someversioncontrol systems,mostno-
tablyCVS, donotstoretheinformationwhichartifactswere
checked-in together. In this case,changetransactionshave
to berecoveredusingtimestampsandotherloggeddata.

Theco-change graphof a givenversionrepositoryis an
undirectedgraph(V;E). The set of verticesV of the co-
changegraphcontainsall softwareartifactsandall change
transactionsof the versionrepository. The setof edgesE
containsthe undirectededgef c;ag if andonly if the arti-
facta waschangedby thetransactionc.

Notethattheco-changegraphis bipartite,i.e.,it contains
no edgesthatconnecttwo changetransactionsor two soft-
wareartifacts.Figure1 shows anexampleco-changegraph
with threeartifactsandtwo changetransactions,of which
onechangedthreeartifacts,andtheotherchangedtwo arti-
facts.

For a vertex v of a co-changegraph, the number
jf u 2 V j f u;vg 2 Egj of its adjacentverticesis calledthe
degreeof v anddenotedby deg(v). For transactionvertices,
the degreegivesthe numberof artifactsthat participatein
thetransaction,andfor artifacts,thedegreegivesthenum-
berof their changes.
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2.2. Variants

In the following we point out andjustify two decisions
we madein our de�nition of theco-changegraph.The�rst
decisionis to give all edgesthe sameweight,andthe sec-
onddecisionis to includebothartifactsandchangetransac-
tionsinto thesetof vertices,insteadof only artifacts.

2.2.1. Weighted Co-Change Graph The weightedco-
change graph (V;E;w) is an extensionof the co-change
graphby a weight functionw : E ! Â (whereÂ is theset
of realnumbers).Theweightfunctionassignsto eachedge
a realnumber, which canbe interpretedasthe relative im-
portanceof thecorrespondingchange.

The standardco-changegraphde�ned in the previous
subsectioncan be consideredas a special weightedco-
changegraphwhereevery edgehastheweight1. Because
every edgecorrespondsto a changeof an artifact, it mod-
elsthateverychange of anartifact is equallyimportant.

An alternative hypothesisis that every change transac-
tion is equally important. This canbe modeledby giving
eachedgeto atransactionc theweight1=deg(c). Theneach
transactionc contributesdeg(c) edgeseachwith aweightof
1=deg(c), yieldinga totalweightof 1 for thetransaction.

According to our experienceand intuition, this model
weightsco-changesin small changetransactionstoo high.
A changetransactionof n artifactscorrespondsto 1

2n(n¡ 1)
co-changesof pairs of artifacts.If the transactionhasthe
weight 1, then every co-changehas a weight of 2

n(n¡ 1) .
This means,for example,thata co-changein a transaction
of 5 �les is 19 timesasimportantasa co-changein a trans-
actionof 20 �les.

Compromisesbetweenthe two weighting functions 1
and1=deg(c), for example1=

p
deg(c), make the interpre-

tation of the modelmoredif�cult becauseboth the impor-
tanceof anartifactchangeandthe importanceof a change
transactiondependon thedegreeof thechangetransaction.
Thuswe preferthesimplestalternative of giving eachedge
theweight1.

2.2.2. Condensed Co-Change Graph Becausewe are
mainly interestedin co-changesof artifacts,anobviousidea
is to remove the transactionverticesfrom the model,and
retainonly the artifact vertices.The condensedco-change
graph for a given versionrepositoryis a weighted,undi-
rectedgraph(V;E;w), wherethesetof verticesV contains
all software artifactsin the repository, the set of edgesE
containstheedgef a;a0g if andonly if theartifactsa anda0

werecommonlychangedby a changetransaction,andthe
functionw : E ! Â assignsaweightto eachedge.

We have chosenthename'condensed'to convey thein-
tuition of eliminating the changetransactionverticesand
the correspondingedges.This loss of information about

(a)Co-changegraph

(b) Condensedco-changegraph

Figure 2. Example co­c hang e graph and the
corresponding condensed co­c hang e graph

changetransactionsis theobviousdisadvantageof thecon-
densedmodel.It promisesto be offset by greatersimplic-
ity, but thefollowing discussionshows thatthemodeldoes
not live up to this promisebecauseit requirescomplicated
edgeweighting.

Giving eachedgetheweight1 doesnotre�ect how often
two artifactswerecommonlychanged.Thenaive improve-
mentis to weighteachedgebetweentwo artifactswith the
numberof timesthattheartifactswerecommonlychanged,
asdonein [24, 31, 67]. But this is alsoproblematic,because
it weightslarge transactionsmuch higherthansmall trans-
actions:Addingachangetransactionof n artifactsincreases
theweightsof 1

2n(n¡ 1) edgesby 1, sotheimportanceof a
changetransactionis proportionalto thesquareof thenum-
berof its participatingartifacts.In otherwords,thisweight-
ing scheme(aswell asits morecomplicatedvariantin [7])
doesnot re�ect that a commonchangeof two artifactsin
a small transactionprovidesmoreinformationthana com-
monchangeof two artifactsin a largetransaction.

So we have to include the degreeof the changetrans-
actions into the weighting function. More precisely, the
weightwhich is addedto anedgefor a transactionc hasto
follow a functionwhich is monotonicallydecreasingin the
sizedeg(c) of the transaction.Themodelconformsbestto
thestandardco-changegraphif thefunctionis 2

deg(c)¡ 1, be-
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causetheneachtransactionc hastheweightdeg(c). (It adds
2

deg(c)¡ 1 to theweightof deg(c)(deg(c)¡ 1)
2 edges.)

Figure 2 contrastsa co-changegraph (Fig. 2(a)) with
the correspondingcondensedco-changegraph(Fig. 2(b)).
Artifact1 andArtifact2 areconnectedwith weight 1, con-
tributedby Co-Change1, andwith weight2, contributedby
Co-Change2; theoverall weightof theedgeis 3. Theother
edgesareweightedwith 1,contributedby Co-Change1. The
exampleillustratesthat a higheredgeweight betweentwo
artifactscanbecausedby a highernumberor by a smaller
sizeof thecommonchangetransactionof thetwo artifacts.

The clustering of the artifacts for the condensedco-
changegraphwith theseedgeweightsis approximatelythe
sameas for the standardco-changegraph.We prefer the
standardco-changegraph,becauseit is simpler(dueto the
absenceof edgeweights),andtheavailability of the trans-
actionverticesimprovesthe traceabilityof analysisresults
to therepository.

2.3. PossibleExtensions

2.3.1. Low-Level Artifacts Usually, versioncontrol sys-
temsstoreartifactsof oneparticularlevelof detail(e.g.,�les
for CVS). Insteadof usingthis default level, onecouldex-
tract commonchangesfor artifactson a lower level of ab-
straction,suchasclassesandfunctions.This canbeimple-
mentedby analyzingthedeltainformationfrom thereposi-
tory (cf. [68, 69] for themappingof changesto functions).
However, this extensiondependson the type of the high-
level artifacts(programsourcecode,documentation,data),
andis thereforenotdetailedhere.

2.3.2. High-Level Artifacts The interpretationof �le-
level analysisresultsis tediousfor largesystemswith thou-
sandsof �les. A co-changegraphfor high-level artifacts
(e.g.,directories)canbe obtainedfrom a co-changegraph
for lower-level artifacts(e.g., �les) with a transformation
calledlifting: A high-level artifacta participatesin achange
transactionc if andonly if oneof its containedlow-level ar-
tifactsparticipatesin c.

2.3.3. Importance of Changes Additional information
abouttheimportanceof changescanbeincludedin theco-
changegraphas edgeweights.For example,the intuition
that the importanceof a changeto a �le is proportionalto
thenumberof changedlinescanbeformalizedbyweighting
eachedgebetweenanartifactandachangetransactionwith
the numberof changedlines.Suchextensionsarepromis-
ing,but they shouldbeintroducedonlyafterthebasicmodel
hasbeenevaluated.Thatthey aremuchsimplerto integrate
whenthemodelcontainstransactionverticesis anotherrea-
sonfor our decisionto preferthestandardco-changegraph
over thecondensedco-changegraph.

Figure 3. Extraction of the co­c hang e graph
from a CVS repositor y

2.4. Extraction fr om CVS Repositories

The main problem in the extraction of the co-change
graphfrom CVSrepositoriesis thatchangetransactionsare
not explicitly stored,becauseCVSbreaksdown its com-
mit transactionsinto sequencesof RCScheck-in operations.
However, changetransactionscan be inferred from avail-
ablelog datawith reasonablecertainty. In our experiments,
we considera sequenceof changesof �les aschangetrans-
actionif thechangeshavethesameuserlogin, thesamelog
message,andtimestampsthatdiffer by atmost180s.

Figure 3 shows a completetool chain for the extrac-
tion of co-changegraphsfrom CVSrepositories.Thecom-
mandcvslog extractsuserlogins,log messages,andtimes-
tampsof changesfrom the repository, and storesit in a
CVSlog �le. The tool cvs2cl1 [8, pp. 247] implementsthe
above heuristicto recover changetransactionsfrom thelog
�le, and generatesa �le in the GNU ChangeLog format.
Othertransactionrecovery toolsusesimilarheuristics(e.g.,
[33, 68, 69]). Finally, a calculatorfor relationslike Croco-
Pat [11] generatestheco-changegraphfrom therecovered
transactions,andoptionallycomputesedgeweightsor lifts
thegraphto obtainmoreabstractmodels.

3. Clustering Layout of Co-ChangeGraphs

Our goal in theanalysisof co-changegraphsis to iden-
tify clustersof artifactsthatarefrequentlychangedtogether.
Suchgroupingscanbe naturallyrepresentedby layoutsof
the artifactsin two- or three-dimensionalspace,suchthat
heavily co-changedartifacts are placedclosely together,
while artifactsthatparticipatein few commonchangetrans-
actionsareplacedat largerdistances.

Energy-based(or force-directed)graphlayout methods
likengraphverticesto physicalobjectsthatexert forceson
eachother [10, Chapter10], [15]. Graphverticesthat are
connectedby anedgeattract,to ensurethatthey areplaced
closely. All pairsof graphverticesrepulse,to ensurethat
non-relatedverticesareplacedat larger distances.The re-
sultinggraphlayoutis anenergy-minimalstateof theforce
system.

1 Availableat http://www.red-bean.com/cvs2cl
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Energy-basedgraphlayoutmethodshave two parts:An
energy modelwhich assignsa real number(interpretedas
energy) to eachgraphlayout,andanalgorithmthatsearches
a layout with minimal energy. Thereexist several proven
solutionsfor the secondaspect,of which we usean ef�-
cientalgorithmintroducedfor thesimulationof astrophys-
ical systemsby Barnesand Hut [9], and �rst appliedfor
computinggraphlayoutsby Quigley [58].

Thecontribution of this sectionconcernsthe�rst aspect
of energy-basedmethods.In the �rst subsection,we sys-
tematicallyderive requirementsfor thelayoutof co-change
graphs.In the secondsubsection,we presentan energy
modelwhoseminimumenergy layoutsful�ll theserequire-
ments,andthushave a clear interpretationin termsof the
co-changesof therepresentedartifacts.

3.1. Requirementsfor Clustering Layouts of Co­
ChangeGraphs

Intuitively, our requirementsfor layouts of co-change
graphsaresmalldistancesbetweenartifactsthatparticipate
in many commonchangetransactions,andgreaterdistances
betweenartifacts that participatein few commonchange
transactions.Thegoalof thissubsectionis to formalizethis
intuition.

Considera co-changegraphG = (V;E), anda partition
of its setof verticesV into two disjoint setsV1 andV2 (i.e.,
V1 [ V2 = V andV1 \ V2 = /0). We requirethat V1 andV2
shouldbe placedclosely in the layout to the degree that
co-changesbetweenV1 andV2 occurmoreoften thanran-
dom, or equivalently, that their distanceis proportionalto
thedegreeto whichthey areco-changedlessoftenthanran-
dom.More formally, thedistanceof V1 andV2 in thelayout
shouldbethequotientof theexpectednumberof edgesbe-
tweenV1 andV2 in a randomgraph,andtheactualnumber
of edgesbetweenV1 andV2 in G. (Rememberthattheedges
in the co-changegraphrepresentchangesof artifacts,and
anedgethatconnectsavertex in V1 with avertex in V2 rep-
resentsachangethatinvolvesbothV1 andV2.)

The remainderof this subsectionderivesa formula for
therequireddistancebetweenV1 andV2 from thisstatement.
Therefore,it de�nesa randomgraphmodel,andcalculates
theexpectednumberof edgesbetweenV1 andV2 in thisran-
domgraphmodel.

First we introduce two notations. The total degree
å v2Vi

degG(v) of all vertices of Vi in G is denotedby
degG(Vi) (i 2 f 1;2g). Note that degG(V1) + degG(V2) =
2jEj. Thenumberof edges

¯
¯ff u;vg2 E j u2 V1;v2 V2g

¯
¯ be-

tweenV1 andV2 in G is calledthecutbetweenV1 andV2 and
denotedby cutG(V1;V2).

Considera randomgraphR with the sameset of ver-
tices V and the samenumberof edgesjEj as G, where
eachof the2jEj endverticesof theedgesis randomlycho-

senfrom V1 with theprobability degG(V1)
2jEj andfrom V2 with

theprobability degG(V2)
2jEj . Theseprobabilitiesarechosensuch

thattheexpectedtotaldegreesof V1 andV2 in Rconformto
thetotal degreesin G, namelydegG(V1) anddegG(V2). The
expectedcut betweenV1 andV2 in R is degG(V1) degG(V2)

2jEj . So
therequireddistanceof V1 andV2 in thelayoutof G, which
wasde�nedto bethequotientof thisexpectedcutin theran-
domgraphandtheactualcut in G, is degG(V1) degG(V2)

2jEj cutG(V1;V2) .
How are the termsof this formula relatedto our intu-

ition? Clearly, the distancebetweenV1 andV2 shouldde-
creasewith cutG(V1;V2), the numberof changesinvolving
both V1 and V2. However, the samenumberof common
changes(saycutG(V1;V2) = 10) meansheavy co-changeif
V1 and V2 are involved in few changes(say degG(V1) =
degG(V2) = 20), but almostcompleteindependenceif V1
andV2 areinvolvedin a very largenumberof changes(say
degG(V1) = degG(V2) = 2000). So the distanceshouldin-
deedbemonotonicincreasingwith degG(V1) anddegG(V2).
The term 2jEj in the denominatoris constantfor a given
graph(while the other termsdependon the partition of V
into V1 andV2), and thus changesonly the scalingof the
layout.

3.2. The Edge­RepulsionLinLog Energy Model

An energy modelspeci�eswhat is consideredasa good
graphlayout.It mapsgraphlayoutsto realnumbers(inter-
pretedas energy) suchthat smallernumbersmeanbetter
layouts.For our visualizations,we usethe edge-repulsion
LinLog energymodel:

U(p) = å f u;vg2E jj pu ¡ pvjj

+ å f u;vg2V(2) ¡ deg(u) deg(v) ln jj pu ¡ pvjj

In this formula, p is a layout (i.e., a mappingof the ver-
tices to positionsin two- or three-dimensionalspace),pu
and pv arethe positionsof the verticesu andv in the lay-
out p, andjj pu ¡ pvjj is the Euclideandistanceof u andv
in p. Rememberthatdeg(v) is thenumberof edgesof aver-
tex v.

The �rst term of the sum can be interpretedas attrac-
tion betweenverticesthat are connectedby an edge,be-
causeits valuedecreaseswhenthedistanceof suchvertices
decreases.Thesecondtermcanbeinterpretedasrepulsion
betweenall pairs of (different) vertices,becauseits value
decreaseswhenthe distancebetweenany two verticesin-
creases.The repulsionof eachvertex v is weightedby its
numberof edgesdeg(v). Throughthis weighting,the sec-
ondtermis morenaturallyinterpretedasrepulsionbetween
all pairsof edgesthanbetweenall pairsof vertices.(More
precisely, the repulsionactsnot betweenthe entireedges,
but only betweentheir endvertices.)So the basicideabe-
hind theedge-repulsionLinLog modelis that theedges(in
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theco-changegraph:changesof artifacts)causebothattrac-
tion andrepulsion.

For eachvertex, the numberof attractedverticesis its
degree,and its repulsionis weightedwith its degree,too.
Soeachvertex hasconsistently—in termsof attractionand
repulsion—an in�uence on the layout proportionalto its
degree.This canbevisualizedby settingthesizeof a ver-
tex to its degree,as in the �gures in Section4. In the co-
changegraph,thedegree—andthusthe importancein the
layout—of artifactverticesis thenumberof changetrans-
actionsthey participatein, andthedegreeof changetrans-
actionverticesis thenumberof artifactsthatparticipatein
thetransaction.However, thiscanbeadaptedusingsuitable
edgeweights,asdiscussedin theSections2.2and2.3.

Basically, layoutswith minimumedge-repulsionLinLog
energy indeedful�ll the requirementidenti�ed in the pre-
vious subsection,that disjoint setsof verticesV1 and V2

haveadistanceproportionalto degG(V1) degG(V2)
2jEj cutG(V1;V2) . (For aproof

andmoretechnicaldetails,we refer to our workson graph
layout [55].) However, this holds preciselyonly for one-
dimensionallayouts,and only approximatelyfor higher-
dimensional(e.g.,two-dimensional)layouts.Still, theone-
dimensionalcaseis a good approximationwhen the dis-
tanceswithin thesetsV1 andV2 aresmall comparedto the
distancebetweenthe sets.Although suchan approximate
statementaboutthecorrespondencebetweenthelayoutand
the analysisgoal is not as satisfactory as a precisestate-
ment,it is a signi�cant advanceover thesituationfor other
energy models,wheretherearenosuchstatementsatall.

4. Evaluation

We evaluateour clusteringmethodby applyingit to the
CVS repositoriesof threesoftwaresystemsandcomparing
the resultsto authoritative decompositions.The clustering
resultsarelayouts—notpartitions—whichhave thedisad-
vantagethatsimilarity measuresfor partitions(asproposed
in [43, 50, 65]) arenotapplicable,but theadvantagethatwe
canpresentanddiscusstheresults.

The threesoftware systemshave different sizes,num-
bersof developers,andprojectdurations,andincludearti-
factsin variousprogramminglanguages.Becausetheeval-
uationrequirestheknowledgeof gooddecompositions,we
chosesystemsthat we arefamiliar with. Table1 givesfor
eachsystemthe overall size(in lines of text), the number
of �les, the total numberof changesof �les, the number
of commits,the numberof userswho committedchanges,
andtheproject'sdurationasre�ectedin therepository. (All
numberswereobtainedwith thetool StatCvs2.)

2 Availableat http://statcvs.sourceforge.net

Table 1. Characterization of the example
projects

Project CrocoPat 2.1 Rabbit2.1 Blast1.1
Lines 114000 317000 3970000
Files 60 740 3900
Changes 800 6300 6800
Commits 140 1200 900
Users 1 9 8
Months 8 52 40

The co-changegraphswere extractedon �le level be-
causethisenablestheapplicationof thesame,programming
languageindependent,processandtool chainfor all reposi-
tories.Thelayoutsof theco-changegraphswerecomputed
automaticallyusingtheBarnes-Hutalgorithmandtheedge-
repulsionLinLog energy model(introducedin Section3.2).
For comparison,we show layoutsobtainedwith the com-
monlyusedFruchterman-Reingoldenergy model[29] (dis-
cussedin Section5.2).

The transactionverticesandthe edgesareelidedin the
visualizations,andonly theartifactverticesareshown, be-
causedrawing all edgesmakesthevisualizationunreadable.
(In aninteractive tool they canbeshown selectively on de-
mand.)The verticesaredisplayedascircles,with the area
being proportionalto the numberof transactionsthe arti-
fact wasinvolved in. Differentsizesof correspondingver-
ticesin the Fruchterman-Reingoldlayoutsresult from dif-
ferent scaling. (Very small circles were always enlarged
to a certainminimum size to ensuretheir visibility.) The
colorof thecirclesre�ectsthesubsystemmembershipof the
correspondingartifact in the authoritative decomposition.
Groupsof artifactsof the authoritative compositionwere
also(manually)annotatedwith thenamesof thesubsystems
in boxes(gray), to identify themin the text (for grayscale
printouts).To avoid overlapping,the namesareannotated
only for someartifacts.We provide VRML �les, which en-
able navigation throughthe layoutsand containthe com-
pletenamesof all artifacts,aswell astheco-changegraphs
usedfor ourexperiments,ona supplementarywebpage3.

The �rst three subsectionsof this section evaluate
the edge-repulsionLinLog layouts of the three soft-
waresystems.The fourth subsectionshortly discussesthe
Fruchterman-Reingoldlayouts.

4.1. CrocoPat 2.1

CrocoPat2.1is aninterpreterfor thelanguageRML (Re-
lationalManipulationLanguage)4. It takesasinputanRML
programandrelations,andoutputsresultingrelations.The

3 Availableat http://mtc.ep¯.ch/» beyer/co-change
4 Availableat http://www.software-systemtechnik.de/CrocoPat
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Figure 4. Ar tifacts in the CrocoPat repositor y (Edge­repulsion LinLog)

Figure 5. Ar tifacts in the CrocoPat repositor y (Fruc hterman­Reingold, for comparison)
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Figure 6. Ar tifacts in the Rabbit repositor y (Edge­repulsion LinLog)

repositorycontainsC++ programsourcecode,speci�ca-
tions for the lexical andsyntacticalanalysisof RML pro-
grams,SQL scripts,shellscripts,exampleRML programs,
andtestrelations.It doesnot includeany third partypack-
age.

The authoritative decompositionhas four major sub-
systems:programsourcecode, example RML programs
(green),test relations(red), and scripts for extracting re-
lations from relationaldatabases(magenta).The program
sourcecodesubsystemis again divided into threesubsys-
tems:build utilities andmainprogram(blue),RML syntax
tree(yellow), andBDD package(cyan).

On a global perspective, the layout shows threemajor
clustersof �les: The top right clustercontainsexactly the
testrelations(red),the left clustercontainsmostof theex-
ampleRML programs(green),and the large centralclus-
ter containsthe remaining�les. We discussthe latter two
groupsin turn.

Theleft clusteris dividedinto two subclusters,whichbe-
long to two differentstableversionsof CrocoPat, namely,
version1.3 andversion2.1. A changein the RML syntax

betweenthesetwoversionsrequiredchangesandrenamings
in theRML �les. Thetwo �les run-wcre.shandsyntax.txt
are positionedbetweenthe RML programsand program
sourcecodefor the RML syntaxtree.They areindeedre-
latedto both subsystems:run-wcre.shis a shell script that
runs CrocoPat on someof the old RML programs,and
syntax.txt is a readablerepresentationof the RML gram-
marfor thetool distribution.

The large central cluster contains mainly program
sourcecode,but alsosomeother�les, which arediscussed
in thefollowing. A subclusterat thetop of thecentralclus-
ter shows scripts for extracting relations from relational
databases(magenta),which wereco-changedwith thepro-
gramsourcecodeandarethusplacedcloseto it. The lay-
outshowscorrectlythatthesescriptsbelongtogether, but it
doesnotclearlyshow thatthey shouldbeseparatedfrom the
programsourcecode,to which they aresemanticallyunre-
lated.Thebuild �les (e.g.,dependencies, Make¯le) arelo-
catedat the bottomof the large centralcluster. These�les
arecloselyrelatedto theprogramsources,andtheauthor-
itative decompositionassignsthemto the samesubsystem

8



Figure 7. Ar tifacts in the Rabbit repositor y (Fruc hterman­Reingold, for comparison)

asthemainprogramcrocopat.cpp(blue).This is correctly
re�ected by the layout. Finally, the large central cluster
containsthreeexampleRML �les (test.pat, bool.pat and
int.pat, green).The layout suggeststo assigntheseexam-
ple RML �les to theprogramsourcesubsystem,which dif-
fersfrom theauthoritativedecomposition,but makessense,
becauseeachof these�les is a testcasefor closeprogram
source�les.

The program source codein the large centralclusteris
notclearlydividedinto subclusters,but theplacementfrom
bottomto top re�ects CrocoPat's layeredarchitecture:The
main programcrocopat.cpp (blue) starts the RML lexer
relLex.landparserrelYacc.y(yellow), theparserbuilds the
RML syntaxtree(alsoyellow), andthesyntaxtreeusesthe
BDD package(cyan)to calculatewith relations.

Besidesthe interpretationof clustersof �les in the lay-
outassubsystemcandidates,thepositionsof �les in thelay-
out allow further inferences.For example,theRML parser
speci�cationrelYacc.yis placedcloserto theexampleRML
program �les in the left than the main program croco-

pat.cpp. They are indeedrelated,becausechangesof the
RML syntaxrequiremodi�cationsof both,parserandRML
programs.Thisdependency, aswell asseveraldependencies
mentionedearlier, relateartifactsin differentlanguages,and
thuscouldnotbedetectedwith syntax-basedanalyses.

In conclusion,theclusteringlayoutcorrectlyre�ects the
authoritative decomposition,with two mainexceptions.Of
thesetwo exceptions,theplacementof testcasesin thecen-
tral clusteris semanticallyjusti�ed, but theplacementof the
databaseextractorin thecentralclusteris not.Thissuggests
thathistoricalco-changesshouldnotbeover-interpretedfor
artifactsthat werechangedrarely (asshown by the small
sizeof thecircles).

4.2. Rabbit 2.1

Rabbit2.1 is a modelcheckingtool for modulartimed
automata5. It is a commandline programwhich takes a

5 Availableat http://www.software-systemtechnik.de/Rabbit
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Figure 8. Ar tifacts in the Blast repositor y (Edge­repulsion LinLog)

modelandspeci�cation �le asinput andwrites out veri�-
cationresults.TherepositorycontainsC++ code,timedau-
tomatamodels,speci�cation examples,andprocessdocu-
mentssuchastodo anddonelists. Thereis no third party
codeinvolved.

The authoritative decompositionhassix subsystems,of
which the �rst four containC++ sourcecode:the syntax
tree for speci�cations(green),the syntaxtree for models
(red), the matrix representationof models(magenta),the
BDD representationof models(blue),examplemodels(yel-
low), and miscellaneousartifactsincluding processdocu-
ments(cyan).

Figure6 shows only thecentralpartof thelayout,some
groupsof examplespeci�cationsandmodelswereleft out
dueto space(cf. thesupplementarywebpagefor thecom-
pletevisualizationin VRML). The layoutcorrectlygroups
the four C++ sourcecodesubsystems,with someexcep-
tionsdiscussedin thefollowing.

As a �rst exception, the �les reprCon¯g.h and
reprAutomaton.h(bothred,center)areplacedbetweenthe
BDD representationcluster(blue)andthematrix represen-

tationcluster(magenta),althoughthey belongto thesyntax
treefor themodelin theauthoritativedecomposition.Here,
the placementis correct,andthe authoritative decomposi-
tion is problematic:TheBDD representationandthematrix
representationare usedalternatively via a commoninter-
face,which consistsof thesetwo �les. In the authoritative
decomposition,this commoninterface could be assigned
neitherto theBDD subsystemnor to thematrix subsystem,
so it wasassignedto the even lessappropriatesyntaxtree
subsystem.

A seconddifferencebetweenthe layoutandtheauthor-
itative decompositionarebuild �les, for example,thethree
dependency �les (cta/dependencies, bdd/dependencies,
andddm/dependencies). On the onehand,they belongto
different sourcecode subsystems,and should be placed
closelyto the respective clusters.On the otherhand,build
�les areusuallychangedtogether, thusshouldbeclustered.
The layout re�ects thesecon�icting forces: it placesthe
build �les in the center, stretchedout to the sourcecode
clusters.
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Figure 9. Ar tifacts in the Blast repositor y (Fruc hterman­Reingold, for comparison)

Besidesthe representationinterfaceandthe build �les,
someother�les of the sourcecodesubsystemsareplaced
in thewrongcluster(for examplethegreen�les in thered
cluster),or outsidethemainclusters(for examplethe �les
aroundddmVecPlain.hin theleft). As thesmallsizeof their
representationshows, these�les werechangedvery rarely.
For such�les, theavailableco-changeinformationis insuf-
�cient to reliablyassignthemto asubsystem.

Besidestheseparationof thefour mainsourcecodesub-
systems,the layout allows somefurther inferencesabout
thestructureof Rabbit.For example,themagentaclusterof
matrix representationcodecontainstwo sub-clusters,one
top left, andonebottomright. This complicateddatastruc-
ture is indeeddivided into a high-level part (automataand
con�gurations)anda low-level part(transition,state,trace,
whichconstituteanautomaton,andregion,polyhedron,ma-
trix, constraint,whichconstituteacon�guration).

The yellow groupof examplemodels(top right) is rel-
atively closeto theC++ code.Theexamplemodelsarein-

deedrelatedto theprogram�les, becausethey aretestcases
whichwerechangedtogetherwith thetestedcode.As men-
tionedearlier, thereareothergroupsof examples,whichare
not shown becausetheir distancesfrom the centralpart of
thelayoutaremuchgreater.

Theprocessdocuments(cyan,bottomright) includethe
project's todoanddonelist, which aredrawn largebecause
they werechangedfrequently. They wererarelychangedto-
getherwith the sourcecodebut mostly in separatere�ec-
tion phases,asshown by their largedistanceto theremain-
ing �les.

In summary, the main clustersin the layout roughly
correspondto Rabbit's actual subsystems.Someclusters
are fuzzy andnot clearly separated,but Rabbit (like most
other real-world software systems)is not composedof
perfectlycohesive, mutually independentsubsystems,thus
cleanclusterswouldnot re�ect its actualstructure.
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4.3. Blast 1.1

Blast is a model checker for C programs6. It consists
of a collectionof commandline programsanda graphical
userinterface,andit alsoincludesseveral third partypack-
ages.The repositorycontainssourcecodein the program-
ming languagesOcaml,C, C++ andJava, regressiontests,
exampleC programs,andexamplespeci�cation�les.

We canonly presentan abstractview of the systemin
Figure 8, due to its considerablesize. The �gure shows
more than 3600 artifacts,and someof the densegroups
in the �gure consistof several hundredartifacts.A zoom
into the groupsreveals further detailswithin the subsys-
tems(cf. the supplementarywebpagefor a scalablevisu-
alizationin VRML).

The authoritative decompositionconsistsof 12 subsys-
tems.Someof the 12 differentcolorsin Figure8 arevery
similarandthusdif�cult to distinguish.

Four of the main clusterscorrespondto the four third
party packages,namely the C parserfront-end Cil with
example�les (magenta,left), the integrateddecisionpro-
ceduresolver packageICS (orange,top), the BDD pack-
ageCUDD (purple, top), and the compiler infrastructure
C-Breeze(light blue, top left). Eachof thesethird party
packageswasbasically(exceptsomecon�gurationsandex-
tensionsfor integration)insertedinto the repositoryin one
hugetransaction.

Threeotherlargeclusterscorrespondto theactualmodel
checker, split into the current(pscr package,green,right)
andanearlierdevelopmentbranch(srcpackage,green,bot-
tom right), and the packagefor Blast's speci�cation lan-
guage(specpackage,red,bottom).

Thecentralpartof thelayoutshowsacloudof �les with
somedenseraccumulations.Three of the accumulations
correspondto the Craig interpolationpackageFoci (cyan,
top), Blast's GUI package(yellow, top left), andthe proof
generatingtheoremproverVampyre (magenta,center).The
remaining�les aredocumentation(light green,centerleft)
andtestcases(blue,center).Thewidely spreadplacement
of the documentationandtest �les blurs the separationof
theclustersin this area,but is justi�ed becausethe�les are
indeedrelatedto severalsubsystems.

4.4. Fruchterman­Reingold Layouts

TheFigures5, 7 and9 show thesameco-changegraphs
as the Figures4, 6 and8, but the layoutswerecomputed
with the Fruchterman-Reingoldenergy model[29] instead
of theedge-repulsionLinLog energy model.

For the purposeof identifying subsystemcandidates,
the Fruchterman-Reingoldlayouts have two basic disad-

6 Availableat http://www.eecs.berkeley.edu/» blast

vantages.First, they separateclusterslessclearly. This is
becausetheFruchterman-Reingoldenergy model(asother
popularenergy models[23, 42, 21]) is not primarily de-
signedfor clustering,but for producingreadablelayouts
with uniform edge lengths. Second,the layouts have a
strongbias to placenodeswith high degree(i.e., artifacts
thatwereinvolvedin many changetransactions,andarerep-
resentedby largecircles)in thecenterandnodeswith low
degreeattheborders.Thereasonis thatnodeswith highde-
greeattractmorenodesthannodeswith low degree,but the
repulsionof nodesis independentof their degree.Thecon-
ceptof edgerepulsionin theedge-repulsionLinLog energy
modelavoidsthisbias.

5. RelatedWork

5.1. Mining VersionRepositories

During the last years,mining informationfrom version
control repositorieshasbecomean increasinglyimportant
researcharea[38]. The aspectof commonchangesof ar-
tifactshasattractedparticularattention.The work of Eick
and Wills [24] and Ball et al. [7], who visualizeda vari-
ant of what we call condensedco-changegraph, is dis-
cussedin Section2.2. The tool ROSE suggestsand pre-
dicts likely future changesbasedon the analysisof past
co-changes[67, 69]. It provides for a given artifact a pri-
oritized list of otherartifactswhich aremost likely to co-
changewith it. In contrast,our visualizationsarenot pri-
marily interpretablewith respectto the co-changesof sin-
gleartifacts,but with respectto moreglobalco-changepat-
ternson thelevel of groupsof artifacts.

Other researcherscombineco-changeswith relatedin-
formation,suchaschangereportsor problemreports[28],
to detectstronglycoupledmodules[30, 31, 40] or to track
features[26, 27]. The latterapproachis alsorelatedto our
work in that it visualizesco-changeinformation,but its vi-
sualizationslack interpretabilityandclarity throughtheuse
of a complicatedad hoc weighting schemeand of multi-
dimensionalscalingfor computinglayouts(seethediscus-
sion in Section5.2). In the tool Hipikat [19], co-changes
areonly oneof severalheuristicsusedto identify links be-
tweenall kindsof documentscreatedin a softwareproject,
likesourcecodein versioncontrolrepositories,bugandfea-
turedescriptionsin bugtrackingsystems,messagesin mail-
ing lists,anddesigndocumentsonwebsites.

Hassanand Holt proposedseveral heuristics to pre-
dict changepropagation and a framework to study their
performance[37]. In their empirical evaluation, the co-
change-basedheuristic outperformedthe code-structure
basedheuristic(Call, Use,De�ne). Sayyad-Shirabadet al.
proposedto useclassi�cationlearningfor thegenerationof
predictionmodels[60]. Themethodclassi�espairsof �les
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asrelevantor not relevant,andthe learningalgorithmuses
syntacticandtext-basedattributesfrom source�les andas-
sociatedproblemreports.Thetrainingexamplesareclassi-
�ed by pastco-changes,i.e., a pair of �les is relatedif it
wascommonlychanged.A relevantpairof thelearnedrela-
tion predictsthatachangeof one�le of thepairpropagates
achangeof theother�le.

Hassanand Holt studiedchangesto derive statements
aboutsoftwarecomplexity [36]. They hypothesizethat ”a
software systembecomescomplex to manageand main-
tain when its changehistory becomestoo complex to
comprehend”.An approachfor mining 'frequently applied
changes'(FACs)is discussedin [59]. Basedon cvsdiff and
clone detectiontechniques,piecesof codewhich are of-
tenchecked-inaremined.It is arguedthat thesecodefrag-
mentscanbegeneralsolutionsto frequentlyrecurringprob-
lems,suchas refactoringpatterns.Biemanet al. consider
frequentchangesof a classas indication of architectural
importance,but also of chronic problemsdue to bad de-
sign[12]. MockusandVottadesigneda programwhichau-
tomaticallyclassi�es maintenanceactivities to understand
reasonsfor changes[51]. The classi�cation is basedon
textual descriptionsof changesfrom versionrepositories.
GravesandMockususedstatisticaldatafrom versionrepos-
itories in combinationwith time sheetdatafrom the �nan-
cial supportsystemin orderto assesspredictorsfor theef-
fort of codechanges[35].

Looselyrelatedto themining of versionrepositoriesare
purevisualizationapproacheslike[6, 32], whichdonotaim
at detectinghiddenpatternsin the datathemselves,but at
amplifying thehumanabilitiesto detectsuchpatterns.

5.2. Clustering Techniques

Clustering is the classi�cation of objects into groups
basedon somenotion of similarity or relatedness.Diverse
applicationshave inducedthe developmentof many tech-
niquesfor automaticclustering(see[25, 41] for surveys).
In theunderlyingdatamodelof many clusteringtechniques,
objectsarerepresentedasvectors,andtheir pairwisesimi-
larity is speci�ed by a similarity function. In contrast,we
model objectsas graphverticesand their relationshipsas
graphedges,thus our clusteringapproachbelongsto the
sub�eld of graphclustering.

Of the large body of literature on graph clustering
(see[1, 57] for surveys), we focusour discussionon work
that is relatedto ourswith respectto its threemaincharac-
teristics:We clustersoftwareartifacts,our notion of clus-
tersis basedon cuts,andwe computeclusterswith energy-
basedmethods.

5.2.1. Software Clustering Almost all techniquesfor the
graph-basedclusteringof softwareartifactshave beende-
velopedfor graph modelsof the static structureof soft-

waresystems.That mostof thesetechniquesaredesigned
speci�cally for directedgraphsis the lesserproblem,be-
causethe edgesof a co-changegraph can easily be de-
�ned as directed(e.g., from artifacts to changetransac-
tions). The main problemis the relianceon particularse-
manticsof thegraphverticesandedges.For example,dom-
inanceanalysisor the computationof strongly connected
componentsareusefulfor call graphs[18], but their appli-
cationto (directed)co-changegraphsmakesno sense.(All
their stronglyconnectedcomponentshave exactly onever-
tex.) More generalandpotentiallyapplicableto co-change
graphsaresimilarity-basedtechniques(e.g.,[61]) andcon-
cept analysis(discussed,e.g., in [3]). The only two soft-
wareclusteringapproacheswith asigni�cant relationto our
work areBunch [49], which belongsto thecut-basedgraph
clusteringtechniquesdiscussedin the next paragraph,and
thework of Eick andWills [24], who useanadhocenergy
modelfor weightedgraphsto revealgraphclusters.

5.2.2. Normalized Cuts as Graph Clustering Criterion
The cut betweentwo disjoint setsof graphverticesis the
numberof edgesthatconnectbothsets(asde�ned in Sec-
tion 3.1). Several researchershave proposedtheminimiza-
tion of certainnormalizedforms of the cut as clustering
criterion.The normalizationof the cut with the maximum
possiblenumber of edgesbetweenthe two sets of ver-
ticesis calledthe ratio of the cut [64], andis alsousedin
Bunch [49]. However, theratioof thecut is biasedwhenthe
degreesof thegraphverticesareverynonuniform[55]. That
is why wechosein Section3.1to normalizethecutwith the
expectednumberof edgesin arandomgraphmodel,asdone
earlier(but withoutasystematicderivation)in [62].

5.2.3. Energy-Based Graph Clustering Many energy
modelshave appearedin the literatureon automaticgraph
drawing (mostprominently, [23, 42, 29, 21]). The goal of
theseenergy modelsare readablelayouts of graphsin a
particular drawing convention where edgesare drawn as
straightlines.This drawing conventionis not applicableto
typicalco-changegraphsbecausethey aresodense(seeTa-
ble1) thatshowing all edgescreatesheavy clutter.

The above mentionedenergy modelsenforcethat the
edgelengthsare as uniform as possible,but this contra-
dicts our goal of separatingclustersof stronglyconnected
vertices,which requiressomelong edgesbetweentheclus-
tersandmuchshorteredgeswithin the clusters(asshown
in [54]). All mentionedenergy modelseasilygeneralizeto
graphswith weightededges(in which casethey are sim-
ilar to multidimensionalscaling [44]). Given appropriate
edgeweights,their minimum energy layouts reveal clus-
ters,but this meansputtingclustersin (in theform of edge
weights)togetclustersout.In contrast,thegoalof ouredge-
repulsionLinLog energy modelis not purely therepresen-
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tation of given knowledgein two or threedimensions,but
to somedegreealsothediscoveryof new knowledge.

A distinguishingfeatureof energy-basedclusteringcom-
paredto otherclusteringapproachesis that it doesnot pro-
ducepartitionsor dendrograms,but layouts.Layoutshave
theadvantagesof beingeasilycomprehensibleandcontain-
ing moreinformation,becausethey canalsoshow, e.g.,that
a vertex is ratherbetweentwo clustersthan belongingto
oneof theseclusters,or how clearly two clustersaresep-
arated.Theoreticalconnectionsbetweenconventionalclus-
teringandthecreationof layoutsshow thatbothapproaches
arecloselyrelated[5, 45].

6. Conclusion

This paperintroduceda new methodfor clusteringsoft-
ware artifacts, basedon historical co-changesand inter-
pretablegraphlayout.First,wede�nedtheco-changegraph
asunderlyingformal model,which has—in comparisonto
syntax-basedmodels—the advantagesof being inexpen-
sively extractableandnot restrictedto programsourcecode
or certainprogramminglanguages.Second,we systemat-
ically derived requirementsfor the layout of co-change
graphs,andintroducedanenergy modelfor computingsuch
layouts.We evaluatedthe methodon threeexamplesoft-
waresystemswith differenttypesof documentsandsource
codein severalprogramminglanguages.Theclustersin the
resulting layoutsbasicallyconformedto the authoritative
decompositionsof the softwaresystems,andrevealedfur-
ther interestingdetailsthatcannotberepresentedin a pure
partitioning.However, the methodis not reliable for arti-
factsthatwerechangedvery rarely. For suchartifacts,his-
toricalcommonchangeshaveto becombinedwith otherin-
formationto improve their assignmentto subsystems.
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